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Abstract

In this paper we propose a novel approach for combining first-stage lexical retrieval models and Transformer-based re-
rankers: we inject the relevance score of the lexical model as a token into the input of the cross-encoder re-ranker. It was
shown in prior work that interpolation between the relevance score of lexical and Bidirectional Encoder Representations
from Transformers (BERT) based re-rankers may not consistently result in higher effectiveness. Our idea is motivated by
the finding that BERT models can capture numeric information. We compare several representations of the Best Match
25 (BM25) and Dense Passage Retrieval (DPR) scores and inject them as text in the input of four different cross-encoders.
Since knowledge distillation, i.e., teacher-student training, proved to be highly effective for cross-encoder re-rankers,
we additionally analyze the effect of injecting the relevance score into the student model while training the model by
three larger teacher models. Evaluation on the MSMARCO Passage collection and the TREC DL collections shows that the
proposed method significantly improves over all cross-encoder re-rankers as well as the common interpolation methods.
We show that the improvement is consistent for all query types. We also find an improvement in exact matching capa-
bilities over both the first-stage rankers and the cross-encoders. Our findings indicate that cross-encoder re-rankers can
efficiently be improved without additional computational burden or extra steps in the pipeline by adding the output of
the first-stage ranker to the model input. This effect is robust for different models and query types.

Keywords Injecting BM25 - Two-stage retrieval - Transformer-based rankers - BM25 - DPR - Combining lexical and neural
rankers

1 Introduction

A commonly used ranking pipeline consists of a first-stage retriever, e.g. BM25 [2], that efficiently retrieves a set of docu-
ments from the full document collection, followed by one or more re-rankers [3, 4] that improve the initial ranking. An
effective reranking strategy are BERT-based models with a cross-encoder architecture, concatenating the query and
the candidate document in the input [4-71. In this paper, we refer to these re-rankers as Cross-Encoderc,; (CEc47). In the
common re-ranking set-up, BM25 [2] is widely leveraged [8-10] for finding the top-k documents to be re-ranked; how-
ever, the relevance score produced by BM25 based on exact lexical matching is not explicitly taken into account in the
second stage. Besides, although cross-encoder re-rankers substantially improve the retrieval effectiveness compared
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to BM25 alone [11], Rau et al. [12] show that BM25 is a more effective exact lexical matcher than CE¢,; rankers; in their
exact-matching experiment they only use the words from the passage that also appear in the query as the input of the
CEcar- This suggests that CEq,; re-rankers can be further improved by a better exact word matching, as the presence
of query words in the document is one of the strongest signals for relevance in ranking [13, 14]. Moreover, obtaining
improvement in effectiveness by interpolating the scores (score fusion [15]) of BM25 and CE, is challenging: a linear
combination of the two scores has shown to decrease effectiveness on the MSMARCO Passage collection compared to
only using the CE,; re-ranker in the second stage retrieval [11].

To tackle this problem, in this work, we propose a method to enhance CE,; re-rankers illustrated in Fig. 1 by directly
injecting the BM25 score as a string to the input of the Transformer. Figure 2 show our method for the injection of BM25
in the input of the CE re-ranker. We refer to our method as CEg);,5ca7- Our idea is inspired by the finding by Wallace et al.
[16] that BERT models can capture numeracy. In this regard, we address the following research questions:

RQ1:What is the effectiveness of BM25 score injection in addition to the query and document text in the input of CE
re-rankers?

This research question is designed to explore the integration of a commonly used lexical information retrieval model
(BM25) with CE re-rankers, specifically examining how is the impact of the inclusion of the BM25 score on the CE re-
rankers in terms of retrieval effectiveness. Addressing this question is crucial as it seeks to bridge the gap between lexical
and CE re-rankers, potentially leading to improvements in the relevance and effectiveness. To answer this question we
setup two experiments on three datasets: MSMARCO, TREC DL'19 and '20. First, since the BM25 score has no defined
range, we investigate the effect of different representations of the BM25 score by applying various normalization meth-
ods. We also analyze the effect of converting the normalized scores of BM25 to integers. Second, we evaluate the best
representation of BM25—based on our empricial study - on four cross-encoders: BERT-base, BERT-large [17], DistilIBERT
[18], and MiniLM [19], comparing CEgy,5ca7 t0 CE-o7 across different Transformer models with a smaller and larger number
of parameters. Next, we compare our proposed approach to common interpolation approaches:

RQ2:What is the effectiveness of CEgy;,5car COMpared to common approaches for combining the final relevance scores
of CE.,r and BM25?

This research question is designed to empirically evaluate the effectiveness of the novel CEgy),5car model against
common methodologies that combine the relevance scores of CE.,; and BM25. Addressing this question is essential as
it highlights the improvements or drawbacks of adopting this new approach on the effectiveness of CE re-rankers. To
analyze CEgpy5car @and CEq47 in terms of exact matching compared to BM25 we address the following question:

RQ3: How effective can CEgy,,5ca7 Capture exact matching relevance compared to BM25 and CE¢1?

This research question is designed to empirically assess the performance of the CEgy,ccar model in capturing exact
matching relevance, which is essential to be analyzed compared to the BM25 where we inject the BM25 score into the
input of CE re-rankers. By comparing CEgy,scar With the traditional BM25 and the CE-,r model, we aim to highlight the
specific advantages or limitations of our proposed method. Next, we analyze what the optimal position for injecting the
retriever score is, addressing the following question:
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RQ4: What is the optimal position for injecting the retriever score: before the query, between query and document,
or after the document?

This research question is designed to identify the most effective strategy for integrating the first-stage retriever score
within the CE re-rankers, which is crucial to be identified in order to identify the most optimal design of our proposed
method in terms of retrieval quality. We find out that injecting the relevance before the query is slightly more effective
than injecting between query and document or after the document.

To investigate the generalizability of the proposed method, we assess if injecting other available relevance scores
during re-ranking (i.e., a dense passage retriever’s relevance score) also improves the effectiveness; we call this model
CEpprear- To do so, we address the following question:

RQ5: What is the effectiveness of injecting the dense passage retriever (DPR) score into the input, and what is its
optimal representation?

This research question is designed to explore the impact of injecting the score of dense passage retrievers (DPR) score
into CE re-rankers. By assessing both the effectiveness and the optimal representation of the DPR score when injected
into the retrieval input, this question addresses a crucial gap in understanding how CE re-rankers can be improved by
utilizing of DPR score into their input representation. Identifying the optimal method for incorporating the DPR score will
enable the development of more effective retrieval strategies, providing insights on how improving the effectiveness of
search systems in real-world applications. Furthermore, to provide an explanation on the improvement of CE;y;,5ca7, We
perform a qualitative analysis of a case where CE¢,; fails to identify the relevant document that is found using CEgyyp5cat
with the help of the BM25 score.

Moreover, previous studies have shown than using larger cross-encoder re-rankers as teachers for smaller cross-
encoder re-rankers or dense retrievers leads to improvement of the effectiveness [6]. We analyze injecting the BM25 or
DPR score into the input while training the student cross-encoders with using three larger cross-encoders as teachers
to assess the effectiveness of injection together with knowledge distillation.

To the best of our knowledge, there is no prior work on the effectiveness of cross-encoder re-rankers by injecting a
retrieval model’s score into their input. Our main contributions in this work are seven-fold:

1. Weintroduce a novel strategy for optimizing the utilization of initial-stage retriever scores, including both BM25 and
DPR scores, in cross-encoder re-rankers. Our approach demonstrates statistically significant improvements across
all official metrics, confirmed through extensive experiments and detailed analysis.

2. Ourinvestigation reveals superior performance of our method over traditional techniques that linearly interpolate
the scores from BM25 and cross-encoders. We provide empirical evidence supporting the effectiveness of our non-
linear integration strategy.

3. Through rigorous comparison, we establish the superior exact matching capabilities of our cross-encoder model,
CEgpnascats Over the standard BM25, while highlighting the limitations of CE 7 in similar scenarios.

4. We conduct a thorough analysis on the performance of CE . and CEgy,,5c a7 @Cross various query types, demonstrating
consistent superiority of CEgy,scar OVer CEqxr in handling diverse queries.

5. We prove the generalizability of our relevance score injection approach by incorporating DPR scores into the cross-
encoder, CEpppear- This adaptation shows even greater effectiveness than CEgy,sca7, further validating our method’s
robustness.

6. We find that injecting the relevance score into the student model could lead to improvement on the effectiveness
in a teacher-student training setup.

7. We explore and analyze the impact of different positions for injecting retriever scores into the input of cross-encoder
re-rankers. Our findings identify the most optimal position and provide insights into the positional effects of retriever
score injection on performance of cross-encoder re-ranker.

After a discussion of related work in Sect. 2, we describe the retrieval models employed in section 3 and the specifics of
our experiments and methods in Sect. 4. The results are examined and the research questions are addressed in Sect. 5.
Finally, the conclusion is described in Sect. 6.

' In this work, we interchangeably use the words document and passage to refer to unit that should be retrieved.
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2 Related work
2.1 Modifying the input of re-rankers

Boualili et al. [20, 21] propose a method for highlighting exact matching signals by marking the start and the end of
each occurrence of the query terms by adding markers to the input. In addition, they modify original passages and
expand each passage with a set of generated queries using Doc2query [22] to overcome the vocabulary mismatch
problem. This strategy is different from ours in two aspects: (1) the type of information added to the input: they add
four tokens as markers for each occurrence of query terms, adding a burden to the limited input length of 512 tokens
for query and document together, while we only add the BM25 score. (2) The need for data augmentation: they
need to train a Doc2query model to provide the exact matching signal for improving the BERT re-ranker while our
strategy does not need any extra overhead in terms of data augmentation. A few recent, but less related examples are
Al-Hajj et al. [23], who experiment with the use of different supervised signals into the input of the cross-encoder to
emphasize target words in context and Li et al. [24], who insert boundary markers into the input between contiguous
words for Chinese named entity recognition.

Additionally, there are various studies that show modifying cross-encoder re-ranker inputs by adding additional
information represented as splitter tokens can improve their effectiveness [25-28]. BERT-FP [26] demonstrates that
adding splitter tokens between each utterance of a dialogue can improve the effectiveness of BERT-based re-rankers
for the passage response retrieval task. CLosER [25] proposes an expertise-aware post-training that modifies the
input of BERT-based re-rankers with three different splitter tokens to differentiate the end of an utterance by the
questioner, the end of an utterance by the professional responder with deep expertise, and the end of an utterance
by the professional responder with shallow expertise. They show this boost the effectiveness of BERT-based re-rankers
for conversational search in legal domain statistically significantly. Askari et al. [27] shows that injecting question
tags alongside the question title and description in a modified fine-grained structured input can lead to improved
effectiveness of cross-encoder re-rankers in answer retrieval in community question answering systems. Gretkowski
et al. [28] shows that modifying the input of BERT-based classifiers by injecting commonsense concepts in addition
to the question and solution can improve the effectiveness of BERT-based classifiers in terms of commonsense
reasoning ability.

2.2 Numerical information in transformer models

The incorporation of numerical information into Transformer models encompasses a range of tasks [29] including
basic arithmetic operations, numeration, magnitude comparison, arithmetic word problems, exact facts, measurement
estimation, and numerical language modeling. Simple arithmetic tasks test models on basic operations such as
addition and subtraction, often using synthetic datasets designed for both masked and causal language models [30,
31]. Numeration, or the task of decoding numeric strings into their corresponding values, has been explored with both
static and contextualized embeddings [32, 33]. Magnitude comparison tasks assess the ability of models to determine
the larger of two or more numbers [32]. Arithmetic word problems and exact facts reasoning require models to
apply numerical knowledge in more complex textual scenarios,with several datasets challenging models with such
tasks [34-39]. Measurement estimation further explores models’ capabilities in approximating and comparing
quantities,using diverse benchmarks [40-44]. Numerical language modeling, an extension of traditional language
modeling,involves predicting numeric values in text, evaluated through regression metrics [30]. Downstream
applications of these numeracy capabilities are extensive, ranging from sarcasm detection in tweets to enhancing
performance on numeric-heavy QA tasks [30, 45, 46], showcasing both the utility and versatility of Transformer
models in handling numerical data.

Wallace et al. [16] analyze the ability of BERT models to work with numbers and come to the conclusion that the
models capture numeracy and are able to do numerical reasoning; however the models appeared to struggle with
interpreting floats. Moreover, Zhang et al. [47] show that BERT models capture a significant amount of information
about numerical scale except for general common-sense reasoning. There are various studies that are inspired by
the fact that Transformer models can correctly process numbers [28, 46, 48-51]. Gu et al. [52] incorporate text,
categorical and numerical data as different modalities with Transformers using a combining module accross different

@ Discover



Discover Computing (2024) 27:15 | https://doi.org/10.1007/510791-024-09435-8 Research

classification tasks. They discover that adding tabular features increases the effectiveness while using only text is
insufficient and results in the worst performance. Recently, [53] has shown the impact of injection credibility score
as statements into the input of cross-encoder re-rankers for guiding re-rankers to retrieve not only relevant but also
credible documents on top of relevant but less credible documents.

2.3 Methods for combining rankers

Linearly interpolating different rankers’scores has been studied extensively in the literature [11, 15, 54-56]. In information
retrieval (IR), various methodologies have been developed for combining search results from multiple rankers. These
strategies can be categorized into score-based, rank-based, probabilistic, and voting-based methods, each addressing
different aspects of the fusion challenge [57]. Score-based methods integrate the relevance scores provided by individual
search engines to formulate the final relevance score [58-60]. Rank-based methods [61-63], in contrast, do not rely
on explicit relevance scores but instead utilize the ordinal positions of documents across different search results. This
method is particularly valuable when dealing with data from web search aggregators, such as Kayak and Skyscanner,
where individual relevance scores might not be accessible. Rank-based strategies focus solely on the synthesis of ranking
positions, streamlining the fusion process under constraints of limited data. Probabilistic methods [64-67] introduce a
statistical approach by estimating the probability distribution of document relevance across ranking positions for each
search engine. These methods necessitate a training phase to accurately model these probabilities, thus adding a layer
of complexity but potentially increasing the accuracy of the fused rankings by incorporating probabilistic inference.
Voting-based methods [64, 68] adapt traditional voting procedures to metasearch. Methods like the Borda Count and
the Condorcet method are used to amalgamate the preferences of multiple search engines, treating each engine as
an "expert" voter. This approach is often seen as an extension of rank-based methods, as it primarily relies on the ranks
rather than scores.

In this paper, we investigate multiple score-based linear and non-linear interpolation ensemble methods to analyze
the performance of them for combining BM25 and CE 1 scores in comparison to CEgy,scat- FOr the sake of a fair analysis,
we do not compare CEgy,5ca7r With a Learning-to-rank approach that is trained on 87 features by Zhang et al. [69]. The
use of ensemble methods brings additional overhead in terms of efficiency because it adds one more extra step to the
re-ranking pipeline. It is noteworthy to mention that in this paper, we concentrate on analyzing the improvement by
combining the first-stage retriever and a BERT-based re-ranker: BM25 and CE_,; respectively. However, we are aware that
combining scores of BM25 and Dense Retrievers that both are first-stage retrievers has also shown improvements [70-72]
that are outside the scope of our study. In particular, CLEAR [10] proposes an approach to train the dense retrievers
to encode semantics that BM25 fails to capture for first stage retrieval. However, in this study, our aim is to improve
re-ranking in the second stage of two-stage retrieval setting.

2.4 Knowledge distillation

Knowledge distillation has become an important approach in information retrieval [6, 73]. In machine learning,
knowledge distillation refers to the process of transferring knowledge from a more capable model (called the teacher)
to a less capable model (called the student) [74]. Following this convention, the goal in information retrieval is to train a
small ranker (the student) with one or multiple more larger ranker models (the teachers) on a given dataset.

Knowledge distillation methods can be categorized into methods that employ multiple teachers of one type of
model, called teacher ensembles, or methods that use different types of models as teachers [75]. In this paper, where
we experiment with knowledge distillation, we use a highly effective method called Marginal Mean Square Error (Margin-
MSE) [6] which uses the ensemble of three relatively large BERT-based cross-encoder re-rankers as teachers and a smaller
BERT-based cross-encoder re-ranker as the student. Margin-MSE utilizes the margin between the scores of relevant and
non-relevant passages as distilled knowledge.

3 Methods

In the following, we first describe the first-stage retrievers and re-rankers that are used and then describe the proposed
method in detail.
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3.1 Firststage rankers

We experiment with two widely used first-stage rankers namely BM25 [76] and dense passage retrievers [77].

3.1.1 BM25

Lexical retrievers estimate the relevance of a document to a query based on word overlap [76]. Many lexical methods,
including vector space models, Okapi BM25, and query likelihood, have been developed in previous decades. We use
BM25 because of its popularity as first-stage ranker in current systems. Based on the statistics of the words that overlap
between the query and the document, BM25 calculates a score for the pair:

Siex(q,d) = BM25(q, d)

tfr,d (1)

= Z rSj;. p
tegnd tft,d+k1{(1 —b)+b¥}

where tis a term, tf, , is the frequency of t in document d, rsj, is the Robertson-Sparck Jones weight [2] of t, and / is the
average document length. k;and b are parameters [78, 79].

3.1.2 DPR

Dense passage retrieval (DPR) models [77] provide an efficient BERT-based first-stage retriever that estimates relevance
beyond word overlap by matching query and document text in a continuous representation space. In contrast to cross-
encoder re-rankers that process both the query and document at the same time to estimate relevance, which makes
the process computationally heavy, the DPR model processes this in two phases, significantly improving efficiency and
making DPR models an efficient alternative first-stage retriever. The representations of the collection’s passages are pre-
computed in an offline setup, where a single CLS vector represents the contextualized representation of a passage (p).
Given a query, DPR models represent the query as a single CLS vector (q) and estimate the relevance of a document to
a query based on the dot product of their corresponding CLS vectors. This is also called BERT o [6], formally defined as:

BERTpor(G1:miP1:n) =4 - P (2)

3.2 CE,p: cross-encoder re-rankers without BM25 injection

Concatenating query and passage input sequences is the typical method for using cross-encoder (e.g., BERT) architectures
with pre-trained Transformer models in a re-ranking setup [4, 6, 80, 81]. This basic design is referred to as CE-,; and
shown in Fig. 1. The query g;.,, and passage p; ., sequences are concatenated with the [SEP] token, and the [CLS] token
representation computed by CE is scored with a single linear layer W, in the CE,; ranking model:

CEcar(Gy.mi P1:n) = CE([CLS1q [SEP] p [SEP]) * W, (3)
We use CEc,r as our baseline re-ranker architecture. We evaluate different cross-encoder models in our experiments and

all of them follow the above design.

3.3 CEgmascar: cross-encoder re-rankers with BM25 injection

To study the effectiveness of injecting the BM25 score into the input, we modify the input of the basic input format as
follows and call it CEgypscatt

CEgnascar(G1:miP1:n)

= CE([CLS] q [SEP] BM25 [SEP] p [SEP]) * W, @
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where BM25 represent the relevance score produced by BM25 between query and passage.

We study different representations of BM25 to find the optimal approach for injecting BM25 into the cross-encoders.
The reasons are: (1) BM25 scores do not have an upper bound and should be normalized for having an interpretable
score given a query and passage; (2) BERT-based models can process integers better than floating point numbers [16]
so we analyze if converting the normalized score to an integer is more effective than injecting the floating point score.
For normalizing BM25 scores, we compare three different normalization methods: Min-Max, Standardization? (Z-score),
and Sum:

Min-Max(sgyps) = M :
max min
S - u(S)
Standard(sgy,s) = BMziT ’
_ Sem2s
Sum(sgyps) = sum(S) (7)

where sg,,55 is the original score, and s, and s,,;, are the maximum and minimum scores respectively, in the ranked list.
Sum(S), u(S), and o(S) refer to sum, average and standard deviation over the scores of all passages retrieved for a query.
The anticipated effect of the Sum normalizer is that the sum of the scores of all passages in the ranked list will be 1; thus,
if the top-n passages receive much higher scores than the rest, their normalized scores will have a larger difference with
the rest of passages’ scores in the ranked list; this distance could give a good signal to CEgy,5car- We experiment with
Min-Max and Standardization in a local and a global setting. In the local setting, we get the minimum or maximum (for
Min-Max) and mean and standard deviation (for Standard) from the ranked list of scores per query. In the global setting,
we use {0,50,42,6} as {minimum, maximum, mean, standard deviation} as they have been empirically suggested in
prior work to be used as default values across different queries to globally normalize BM25 scores [82]. In our data, the
{minimum, maximum, mean, standard deviation} values are {0, 98, 7,5} across all queries. Because of the differences
between the recommended defaults and the statistics of our collections, we explore other global values for Min-Mayx,
using 25, 50, 75, 100 as maximum and 0 as minimum. However, we got the best result using default values of [82]. To
convert the float numbers to integers we multiply the normalized score to 100 and discard decimals. Finally, we store
the number as a string.

3.4 Linear interpolation ensembles of BM25 and CE_,;

We compare our approach to common ensemble methods [11, 83] for interpolating BM25 and BERT re-rankers. We
combine the scores linearly using the following methods: (1) Sum: compute sum over BM25 and CE.,; scores, (2) Max:
select maximum between BM25 and CE¢,; scores, and (3) Weighted-Sum:

Si = 'SBM25 + (1 - 0() .SCECAT (8)

where s; is the weighted sum produced by the interpolation, sg,s is the normalized BM25 score, s _is the CE¢,y score,
and a € [0..1]is a weight that indicates the relative importance. Since CE. 7 score € [0, 1], we also normalize BM25 score
using Min-Max normalization. Furthermore, we train ensemble models that take sgyosand s, _as features. We experiment
with three different classifiers for this purpose: SVM with a linear kernel, SVM with an RBFkernel, Naive Bayes, and Multi
Layer Perceptron (MLP) as a non-linear method and report the best classifier performance in Sect. 5.3.

3.5 CEpppcar: cross-encoder re-rankers with DPR injection
We inject the DPR score into the input of the cross-encoders, similarly to CEgyy,sca7- We compare different representations

of DPR scores to find the optimal approach for injecting DPR into the cross-encoders. This is because the relevance score
computed by calculating the dot product is not normalized to a fixed range. Therefore, in addition to injecting the original

2 |n this context, "Standard" is used as an alternative name for z-score normalization, which relies on the standard deviation.

@ Discover



Research Discover Computing (2024) 27:15 | https://doi.org/10.1007/510791-024-09435-8

score, we investigate Min-Max normalization in global and local setting with float and integer representations. We use
a pre-trained BERT-Basep,or as our DPR model which is a dense retrieval model trained with knowledge distillation [6].3

3.6 Knowledge distillation with score injection

Previous studies have shown than using larger cross-encoder re-rankers as teachers for smaller cross-encoder re-rankers
or dense retrievers leads to improvement of the effectiveness. We analyze injecting the BM25 and DPR score in the input
while training the student cross-encoders with using three larger cross-encoders as teachers. To do so, following [6], we
train MiniLM to predict the prediction of the ensemble score of 3 large teachers models, BERT-Base 1, BERT-Large-WMcar,
and ALBERT-Largec,1, per query-document sample. We use Mean Square Error (MSE) as loss function and the scores
of the teacher models published by Hofstétter et al. [6].* This gives MiniLM performances comparable to large models,
while being 18 times faster. Our motivation for doing so is analyzing if even if a such scenario, injecting the BM25 or DPR
score can lead to improvement of effectiveness.

4 Experimental design
4.1 Dataset and metrics

We conduct our experiments on the MSMARCO-passage collection [84] and the two TREC Deep Learning tracks
(TREC-DL'19 and TREC-DL'20) [85, 86]. The MSMARCO-passage dataset contains about 8.8 million passages (average
length: 73.1 words) and about 1 million natural language queries (average length: 7.5 words) and has been extensively
used to train deep language models for ranking because of the large number of queries. Following prior work on
MSMARCO [11, 87-90], we use the dev set (~ 7k queries) for our empirical evaluation. MAP@1000 and nDCG@10 are
calculated in addition to the official evaluation metric MRR@10. The passage corpus of MSMARCO is shared with TREC
DL'19 and DL'20 collections with 43 and 54 queries respectively. We evaluate our experiments on these collections using
nDCG@10 and MAP@1000, as is standard practice in TREC DL [85, 86] to make our results comparable to previously
published and upcoming research. We cap the query length at 30 tokens and the passage length at 200 tokens following
prior work [6].

4.2 Training configuration and model parameters

We use the Huggingface library [91], Cross-encoder package of Sentence-transformers library [92], and PyTorch [93]
for the cross-encoder re-ranking training and inference. We fine-tune all of the cross-encoder re-rankers in a similar
configuration to ensure the fairness and reliability of our comparison. We train a distinct cross-encoder re-ranker for each
query set in the evaluation. For each TREC DL collection, we use the other TREC DL query set as the validation set, and we
select both TREC DL (‘19 and '20) query sets as the validation set to train CEs for the MSMARCO DEV Passage collection.
Please note that the train/validation/test data are the same within the compared CEp1, CEgpascat, @nd CEpprear models
to ensure the only difference during fine-tuning and evluation a cross-encoder re-ranker is the presence or exclusion
of score injection in the input. For the dense passage retriever model, we use an already existing state-of-the-art dense
passage retrieval model that is trained on the MSMarco training set.’

For injecting the BM25 or DPR score as text, we pass the score in string format into the BERT tokenizer in a similar
way to passing query and document. Please note that the integer numbers are already included in the BERT tokenizer’s
vocabulary, allowing for appropriate tokenization. Following prior work [6] we use the Adam [94] optimizer with a
learning rate of 7 = 1076 for all cross-encoder layers, regardless of the number of layers trained. We employ early stopping,
based on the nDCG@10 value of the validation set. We use a training batch size of 32. For all cross-Encoder re-rankers,
we use Cross-Entropy loss [95]. For the lexical retrieval with BM25 we employ the tuned parameters from the Anserini
documentation [78, 79].°

3 https://huggingface.co/sebastian-hofstaetter/distilbert-dot.

“ https://github.com/sebastian-hofstaetter/neural-ranking-kd.

5 https://huggingface.co/sentence-transformers/msmarco-distilbert-base-tas-b

5 The code is available on https://github.com/arian-askari/injecting_bm25_score_bert..
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Table 1 Effectiveness results Normalization Local/Global  Float/Integer ~ MSMARCO DEV
nDCG@10 MAP MRR@10
(a) MiniLMc,r (without injecting BM25 score) 0.419 0.363 0.360
(b) Original Score - - 0.420 0.364 0.362
(c) Min-Max Local Float 0411 0.359 0.354
(d) Min-Max Local Integer 0414 0.361 0.355
(e) Min-Max Global Float 0.422 0.365 0.363
(N Min-Max Global Integer 0.424+ 0.3687 0.36771
(9) Standard Local Float 0.407 0.355 0.352
(h) Standard Local Integer 0.410 0.358 0.354
() Standard Global Float 0.420 0.363 0.361
() Standard Global Integer 0.421 0.365 0.363
(k) Sum - Float 0.402 0.349 0.338
(N Sum - Integer 0.405 0.350 0.342

Bold face indicates best performance

Lines b-n refer to the MiniLMgy,scar re-ranker using different representations of the BM25 score as text.
The position of score injection is in the middle, between the query and the candidate document

Significance is shown with { for the best result (row f) compared to MiniLMc,; (row a). Statistical
significance was measured with a paired t-test (p < 0.05) with Bonferroni correction for multiple testing

4.3 Knowledge distillation

For knowledge distillation (KD), we use mean square error loss followed by Hofstatter et al. [6]. For the teachers’relevance
scores, we use the publicly available scores for pairs of queries and documents from the MSMARCO training set released
by Hofstatter et al. [6]. For injection in the KD setup, we compute and inject either BM25 or DPR score.

5 Results
5.1 Choice of BM25 score representation

As introduced in Sect. 3.3, we compare different representations of the BM25 score in Table 1 for injection into CEgy55cat-
We chose MiniLM [19] for this study as it has shown competitive results in comparison to BERT-based models while it is 3
times smaller and 6 times faster.” Our first interesting observation is that injecting the original float score rounded down
to 2 decimal points (row b) of BM25 into the input seems to slightly improve the effectiveness of re-ranker. We assume
this is due to the fact that the average query and passage length is relatively small in the MSMARCO Passage collection,
which prevents from getting high numbers—with low interpretability for BERT—as BM25 score. Second, we find that
the normalized BM25 score with Min-Max in the global normalization setting converted to integer (row f) is the most
significant effective®. representation for injecting BM25.

The global normalization setting gives better results for both Min-Max (rows e, f) and Standardization (rows i, j) than
local normalization (rows ¢, d and g, h).? The reason is probably that in the global setting a candidate document obtains
a high normalized score (close to 1 in the floating point representation) if its original score is close to default maximum
(for Min-Max normalization) so the normalized score could be more interpretable across different queries. On the other
hand, in the local setting, the passages ranked at position 1 always receive 1 as normalized score with Min-Max even if
its original score is not high and it does not have a big difference with the last passage in the ranked list.

7 https://huggingface.co/microsoft/MiniLM-L12-H384-uncased

8 Although the evaluation metrics are not in an interval scale, Craswell et al. [96] show that they are mostly reliable in practice on
MSMARCO for statistical testing

° The range of normalized integer scores using the best normalizer (row f) are from 0 to 196 as the maximum BM25 score in the collection is
98.
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Table2 Effectivenessresults e TREC DL 20 TREC DL 19 MSMARCO DEV

nDCG@10  MAP nDCG@10  MAP nDCG@10  MAP MRR@10

BM25 0.480 0.286 0.506 0377 0.234 0.195 0.187
Re-rankers

BERT- Basecar 0.689 0.447 0.713 0.441 0.399 0.346 0.342
BERT- Basegyascat 0.705+ 0.475% 0.723+ 0.453F 0.422+ 0.3677 0.364+
BERT-Largecar 0.695 0.464 0.714 0.467 0.401 0.344 0.360
BERT-Largegyzscar 0.7287 0.4821  0.731% 0.4771 0.424} 0.3677 0.3697
DistilBERTca7 0.670 0.442 0.679 0440  0.383 0310 0325
DistilBERTgypscar ~ 0.682F 04561  0.699t 0.451f 0390t 0.323f  0.339%
MiniLMcar 0.681 0.448 0.704 0.452 0.419 0.363 0.360
MiniLMgpscat 0.710F 0.473F 0.711% 0.4637 0.4247 0.3681  0.367t

Bold face indicates best performance

Fine-tuned cross-encoders are used for re-ranking over BM25 first stage retrieval with a re-ranking depth
of 1000. Statistical significance was measured with a paired t-test (p < 0.05) with Bonferroni correction
for multiple testing. The position of score injection is in the middle, between the query and the candidate
document

t indicates a statistically significant improvement of a cross-encoder with BM25 score injection as text
into the input (Cross-encodergy,sca7) OVer the same cross-encoder without BM25 score injection (Cross-
encodercyy)

Moreover, converting the normalized float score to integers gives better results for both Min-Max (rows d, f) and
Standardization (rows h, j) than the float representation (rows ¢, e and g, /). We find that Min-Max normalization is a better
representation for injecting BM25 than Standardization, which could be due to the fact that in Min-Max the normalized
score could not be negative, and, as a result, interpreting the injected score is easier for CEgy;55car- We find that the Sum
normalizer (rows k and /) decreases effectiveness. Apparently, our expectation that Sum would help distinguish between
the top-n passages and the remaining passages in the ranked list (see Sect. 5.1) is not true.

5.2 Impact of BM25 injection for various cross-encoders (RQ1)

Table 2 shows that injecting the BM25 score — using the best normalizer which is Min-Max in the global normalization
setting converted to integer - into all four cross-encoders improves their effectiveness in all of the metrics compared
to using them without injecting BM25. This shows that injecting the BM25 score into the input as a small modification
to the current re-ranking pipeline improves the re-ranking effectiveness. This is without any additional computational
burden as we train CE.,; and CEgy;p5ca7 in @ completely equal setting in terms of number of epochs, batch size, etc. We
receive the highest result by BERT-Largeg,sca7 for cross-encoder with BM25 injection, which could be due to the higher
number of parameters of the model. We find that the results of MiniLM are similar to those for BERT-Base on MSMARCO-
DEV while the former is more efficient.

5.3 Comparing BM25 Injection with Ensemble Methods (RQ2)

Table 3 shows that while injecting BM25 leads to improvement, regular ensemble methods and Naive Bayes classi-
fier fail to do so; combining the scores of BM25 and BERT,; in a linear and non-linear (MLP) interpolation ensemble
setting even leads to lower effectiveness than using the cross-encoder as sole re-ranker. Therefore, our strategy is
a better solution than linear interpolation. We only report results for Naive Bayes—having BM25 and BERT,; score
as features—as it had the highest effectiveness of the four estimators. Still, the effectiveness is much lower than
BERTgpma5cat @nd also lower than a simple Weighted-Sum. Weighted-Sum (tuned) in Table 3 is tuned on the valida-
tion set, for which @ = 0.1was found to be optimal. We analyze the effect of different « values in a weighted linear
interpolation (Weighted-Sum) to draw a more complete picture on the impact of combining scores on the DEV set.
Figure 3 shows that by increasing the weight of BM25, the effectiveness decreases. The figure also shows that the
tuned alpha which was found on the validation set in Table 3 is not the most optimal possible alpha value for the DEV
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Table 3 The effectiveness Model Ensemble MSMARCO DEV

of injecting BM25 score into

the input (Bert-Basegy scat) nDCG@10 MAP MRR@10

compared to interpolation

performance of BM25 and BM25 - 0.234 0.195 0.187

Bert-Basec,r using common  BERT-Basecyr - 0.399 0.346 0342

ensemble methods BM25 and BERT-Base Sum 0.270 0.225 0.218
BM25 and BERT-Basecar Max 0.237 0.197 0.190
BM25 and BERT-Base ,r Weighted-Sum (tuned) 0.353 0.295 0.290
BM25 and BERT-Base ,t Naive Bayes 0314 0.260 0.254
BERT-Basegypscat BM25 Score Injection 0.422 0.367 0.364

Bold face indicates best performance
The position of score injection is in the middle, between the query and the candidate document

Fig. 3 Effectiveness on 0.45
MSMARCO DEV with varying 0.40 NDCG@10 @ MAP @ MRR@10
the interpolation weight
of BM25 and BERT-Base .
scores.a = 0 means only g 030
BERT 47 Scores are used ® o5
0.20 ————— ——
0.15
00 01 02 03 04 05 06 07 08 09 10

set. The highest effectiveness for « = 0.0 in Fig. 3 confirms we should not combine the scores by current interpolation
methods and only using scores of Bert-Basec,r is better, at least for the MSMARCO passage collection.

5.4 Exact matching relevance results (RQ3)

To conduct exact matching analysis, we replace the passage words that do not appear in the query with the [MASK]
token, leaving the model only with a skeleton of the original passage and force it to rely on the exact word matches
between query and passage [12]. We do not train models on this input but use our models that were fine-tuned
on the original data. Table 4 shows that BERT-Basegy,,scar performs better than both BM25 and BERT-Base,; in
the exact matching setting on all metrics. Moreover, we found that the percentage of relevant passages ranked in
top-10 that are common between BM25 and BERTg,sca7 is 40%, which is higher than the percentage of relevant
passages between BM25 and BERT,r (37%). Therefore, the higher effectiveness of BERTg,5c47 in exact matching
setting could be at least partly because it mimics BM25 more than BERT,;. In comparison, this percentage is 57
between BERTg55car @nd BERT 47

Table 4 Comparing exact Model Input MSMARCO DEV

matching effectiveness of

BERT-Basegyy5cat and BERT- nDCG@10 MAP MRR@10

Basec,r by keeping only the

query words in each passage BM25 Full text 0.234 0.195 0.187

for re-ranking BERT-Basecar Only query words 0.218 (11.6) 0.186 (10.9) 0.180 (10.7)
BERT-Basegyscat Only query words 0.243 (10.9) 0.209 (11.4) 0.202 (11.5)

Bold face indicates best performance

The increase and decrease of effectiveness compared to BM25 is indicated with 1 and |. The position of
score injection is in the middle, between the query and the candidate document
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Tabl‘e‘S Analyzing the Position of injection TREC DL 20 TRECDL 19 MSMARCO DEV

position of the BM25 score

injection nDCG@10 MAP nDCG@10 MAP nDCG@10 MAP MRR@10
- 0.681 0.448 0.704 0.452 0.419 0.363 0.360
Between gandd 0.710 0.473 0.711 0.463 0.424 0.368 0.367
Afterd 0.712 0.475 0.713 0.466 0.425 0.369 0.368
Before g 0.717 0.483 0.718 0.469 0.428 0.373 0.374

g and d refer to query and document

5.5 Impact of position of injection (RQ4)

To assess whether injection position has an impact on the effectiveness of CEgy,scar, We try three different positions

for injecting the BM25 relevance score into the input of CEgypscat

e Between query and candidate document, in which the position of the injection is influenced by the query length:
‘[CLS] query [SEP] BM25 [SEP] document [SEP]’
o Before the query, in which the position of the injection is independent from query or document length: ‘[CLS]

BM25 [SEP] query [SEP] document [SEP]’

e After candidate document, in which the position of injection is dependent on the query and document length:
‘[CLS] query [SEP] document [SEP] BM25 [SEPT’

The motivation behind this analysis comes from the fact that injecting the BM25 score in the middle, between query
and candidate document, gives a different position each time to the BM25 score, while there is not any actual mean-
ingful difference based on the position of the BM25 score. As a result, using a fix position for injection might lead to
the improvement. Table 5 confirms this analysis and shows that injecting BM25 before the query achieves the highest
effectiveness. Since the gain of modifying the position of injection is not significant, we do not re-do the previous
experiments and keep the position of injection in previous experiments in the middle as explained in Sect. 3.

5.6 Effectiveness of injecting DPR into CEyppcar (RQ5)

5.6.1 Choice of DPR score representation

As introduced in Sect. 3.5, we compare different representations of the DPR score in Table 6 for injection into CEppgcar
by using Min-Max as normalization strategy. We chose MiniLM [19] for this study similar to the previous analysis for

Table 6 Effectiveness results

Normalization Local/Global Float/Integer MSMARCO DEV
nDCG@10 MAP MRR@10

(a) MiniLM¢,r (without injecting DPR score) 0.404 0.347 0.345

(b) Original score - - 0.405 0.347 0.346

(0 Min-Max Local Float 0.395 0.341 0.340
(d) Min-Max Local Integer 0.399 0.343 0.341

(e) Min-Max Global Float 0.442 0.387 386

(N Min-Max Global Integer 0.4507} 0.3957 0.3947

Bold face indicates best performance

Lines b-n refer to the MiniLMppgcar re-ranker using different representations of the DPRCAT score as text.
The initial ranker is DPR and re-ranking depth is 1000

Significance is shown with { for the best result (row f) compared to MiniLMc,; (row a). Statistical
significance was measured with a paired t-test (p < 0.05) with Bonferroni correction for multiple testing
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Table 7 Effectiveness results

o Ranker Re-ranker TREC'20 TREC'19 MSMARCO DEV
of injecting DPR and BM25
scores using DPR or BM25 as nDCG@10 MAP@1k nDCG@10 MAP@1k nDCG@10 MAP@1k MRR@10
initial ranker
BM25 - 0.480 0.286 0.506 0377 0.234 0.195 0.187
DPR - 0.685 0.475 0.721 0.476 0.408 0.352 0.347
BM25  MiniLMcar 0.681 0.448 0.704 0.452 0419 0.363 0.360

MinilMgyoscar 07107 04737 0711F 04637 04247 03687  0.367%
MiniLMpprcar 0712 0.485%  0.713%  0467%  0429¢  0372*  0371%
DPR  MiniLMcar 0678 0470  0.702 0472 0404 0347 0345
MiniLMgyyscar  0.741F 04957  0.728F  0489F  0441F 03897  0.388f
MinilMopgcar ~ 0.746*  0.498* 0730 0.490*  0.450*  0.395*  0.394*

Bold face indicates best performance

Statistical significance was measured with a paired t-test (p < 0.05) with Bonferroni correction for multiple
testing. The position of score injection is in the middle, between the query and the candidate document

T Indicates a statistically significant improvement of a cross-encoder with DPR score injection as text
into the input (Cross-encoderg,scat) Over the same cross-encoder without BM25 score injection (Cross-
encoderc,y)

* Indicates a statistically significant improvement of a cross-encoder with DPR score injection as text
into the input (Cross-encoderpprcar) OVer the same cross-encoder without DPR score injection (Cross-
encoderc,y)

CEgpmascar- We observe a similar pattern to CEgy,,scar for injecting DPR into CEqpgear: First, injecting the original float
score rounded down to 2 decimal points DPR into the input seems to slightly improve the effectiveness of re-ranker.
Second, we find that the normalized score with Min-Max in the global normalization setting converted to integer
is the most effective representation for injecting DPR. We found 118 as global maximum value and 89 as global
minimum value in the DPR scores for the MS MARCO training set and used them as global values for Min-Max. The
position of score injection is in the middle, between the query and the candidate document.

5.6.2 Finding the most effective two-stage setting

To determine the optimal configuration for CEgyjy5car and CEpprear, We employed two initial rankers: BM25 and DPR,
followed by two re-rankers: CEgp,5car and CEpprear. Table 7 presents our findings, which reveals that utilizing DPR as the
initial ranker in combination with CEppgcar @s the re-ranker yields the highest effectiveness. This combination slightly
outperforms the use of CEgy,scat @s the re-ranker in the same setup.

Additionally, we observed that re-ranking without injecting, using the effective DPR model as the intial ranker, does not
consistently result in improved effectiveness over only the first-stage retrieval. Specifically, when considering nDCG@10
for TREC'19, DPR achieves a score of 0.721, while MiniLM¢,1 scores 0.717.This is while, employing either MiniLMgy5scat
or MiniLMppgcat @s the re-ranker consistently leads to significant improvements over DPR.

Furthermore, we found out that MiniLMgy,s5ca7 is less effective than MiniLMppgcar for re-ranking over BM25 as the ini-
tial ranker. This shows even if BM25 is used as first-stage retriver, there is still a benefit in terms of effectiveness by using
MiniLMppgcat @s the re-ranker. The position of score injection is in the middle, between the query and the candidate
document.

5.6.3 Impact of DPR injection for various cross-encoders

Table 8 shows that injecting the DPR score—using the best normalizer which is Min-Max in the global normalization
setting converted to integer—into all four cross-encoders improves their effectiveness in all of the metrics compared to
using them without injecting DPR. This shows that injecting the DPR score into the input as a small modification to the
current re-ranking pipeline improves the re-ranking effectiveness. This is without any additional computational burden
as we train CEq,7 and CEpprear in @ completely equal setting in terms of number of epochs, batch size, etc. We receive
the highest result by BERT-Largepprcar With DPR injection, which is likely be due to the large number of parameters of
the model.
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Table 8 Effectiveness results

Table 9 Effectiveness results
of injecting DPR and BM25
scores using DPR or BM25 as
initial ranker in a knowledge
distillation training setup

Model TREC'20 TREC'19 MSMARCO DEV

nDCG@10 MAP nDCG@10 MAP nDCG@10 MAP MRR@10

BM25 0.480 0.286 0.506 0377 0.234 0.195 0.187
DPR 0.685 0.475 0.721 0.476 0.408 0.352 0.347
Re-rankers
BERT-BaseCAT 0.683 0.471 0.707 0.473 0.406 0.349 0.347
BERT- Baseppgcar  0.75071 0.515%  0.734% 0.492f  0.452f 03961  0.397%
BERT-LargeCAT 0.691 0.482 0.709 0.476 0.410 0.353 0.350
BERT-Largeppgcar  0.7577 0527+  0.741% 0.505f  0.4667 0.401+  0.408%
DistilBERTCAT 0.672 0.467 0.696 0.468 0.397 0.339 0.338
DistilBERTppgear ~ 0.721F 0.488f  0.726% 0.481f  0.493% 0.383f  0.388%
MiniLMCAT 0.678 0.470 0.702 0.472 0.404 0.347 0.345
MiniLMppgcat 0.746F 0.498+  0.730% 0.490f  0.4507 0.395%  0.394%

Fine-tuned cross-encoders are used for re-ranking over DPR first stage retrieval with a re-ranking depth of
1000

Statistical significance was measured with a paired t-test (p < 0.05) with Bonferroni correction for multiple
testing. The position of score injection is in the middle, between the query and the candidate document

T Indicates a statistically significant improvement of a cross-encoder with DPR score injection as text
into the input (Cross-encoderpppcar) Over the same cross-encoder without DPR score injection (Cross-
encoderc,y)

Ranker Re-ranker TRECDL 20 TRECDL 19 MSMARCO DEV
NDCG@10 MAP@1k NDCG@10 MAP@1k NDCG@10 MAP@1k MRR@10

BM25 - 0.480 0.286 0.506 0.377 0.234 0.195 0.187
DPR - 0.685 0.475 0.721 0.476 0.408 0.352 0.347
BM25  MiniLMc,r 0.732 0.477 0.715 0.483 0412 0.352 0.350

MiniLMgyyscar  0.75T% 05007  0.730% 04917 04367 03857  0.384%
MiniLMppgcar ~ 0.754% 0503*  0.733* 0.492%  0.439* 0389  0.388*

DPR  MiniLMc,y 0.734 0506 0717 0495 0411 0357 0354
MiniLMgypscar  0.757% 0521 0.734% 0513f  0.462f 0417f 04167
MiniLMpppcar ~ 0.759* 0527*  0.739* 0517  0.468* 0421*  0.420*

Statistical significance was measured with a paired t-test (p < 0.05) with Bonferroni correction for multiple
testing. The position of score injection is in the middle, between the query and the candidate document

T Indicates a statistically significant improvement of a cross-encoder with DPR score injection as text
into the input (Cross-encodergy,sca7) OVer the same cross-encoder without BM25 score injection (Cross-
encodercyy)

*Indicates a statistically significant improvement of a cross-encoder with DPR score injection as text
into the input (Cross-encoderpppcar) Over the same cross-encoder without DPR score injection (Cross-
encoderc,y)

We observe that MiniLM yields results on par with BERT-Base for the MSMARCO-DEV dataset while demonstrating
superior efficiency. Furthermore, our investigation reveals that across all four cross-encoders, incorporating DPR scores
consistently improves the effectiveness more than injecting the BM25 score. This difference is clearly observable when
comparing the results presented in Tables 2 and 8. However, it's worth noting that CEppg a7 €Xhibits slower convergence
during training when compared to CEg),5ca1, @ phenomenon that is discussed in more detail in Sect. 5.9.
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Table 10 MRR@10 on

Model Input ABBR  LOC DESC  HUM NUM ENTY
MSMARCO-DEV per query
type for comparing BERT- # queries 9 493 1887 455 933 328
Basegyascar and BERTBasecar  pepr pococat Full text 0574 0477 0397 0435 0361 0399
on different query types in
full-text and exact-matching BERT-BaseBM25CAT  Full text 0.592 0.503 0.428 0.457 0.405 0.411
(only keeping query words) BM25 Only query words 0.184 0.256 0.215 0.238 0.200 0.221
settings BERT-BaseCAT Only querywords 0404 0204 0224 0240 0177  0.200

BERT-BaseBM25CAT Only query words 0.438 0.278 0.245 0.258 0.215 0.216

Bold face indicates best performance
The position of score injection is in the middle, between the query and the candidate document

Fig.4 Example query and Query [SEP] BM25 [SEP] Passage Label ~Model: Rank
two passages in the input of
BERTgy25ca7- The color of each [CLs] [what| is [the [shingles| jab ? [SEP) . [SEP] the |shingless R | BM25:3

BERTpMm25cAT: 1

word indicates the word-level vaccine . the vaccine , called zostavax , is given as a single BERTcaT: 104

attribution value according to
Integrated Gradient (IG) [98],
where red is positive, blue is
negative, and white is neutral.
We use the brightness of dif-

injection under the skin ( subcutaneously ) . it can be given

at any time in the year . wunlike with the flu [jab

[CLS] what the shingles - ? [SEP] [SEP] shingle is a N BM25: 146
. . BERTgMma5cAT: 69

ferent colors to indicate the corruption of german schindle ( schindel ) meaning a roofing BERTcaT: 1
values of these gradients slate . shingles historically were called tiles and shingle was a
term applied to wood shingles , as is still mostly the case

outside the us [SEP]

5.7 Knowledge distillation

Table 9 demonstrates the significant impact of knowledge distillation on retrieval and ranking effectiveness. In this
configuration, we consistently achieve higher effectiveness when training MiniLM for three variants: CEca1, CEgpascar
and CEppgpcar compared to Table 7, in which we do not use knowledge distillation. Notably, our observations indicate
that through knowledge distillation, MiniLMppgca7 attains even greater effectiveness compared to BERT-largeppgcar- For
instance, when evaluating NDCG@10 on TREC DL'20, MiniLMppgcar achieves an impressive score of 0.759, surpassing
BERT-Largeppgpcar’s 0.757, as illustrated in Tables 8 and 9, respectively.

We consider this analysis to be of great importance from an industrial perspective, as knowledge distillation can
significantly enhance the effectiveness of small cross-encoder re-rankers. This is important for keeping effeciency while
increasing effectiveness in industry. Our findings also underscore the generalizability of CEgy,55car and CEpprear across
various training configurations.

5.8 Analysis of the results
5.8.1 Query types

In order to analyze the effectiveness of BERT-base ., and BERT-baseg),s-a1 across different types of questions, we clas-
sify questions based on the lexical answer type. We use the rule-based answer type classifier' inspired by Li and Roth
[97] to extract answer types. We classify MSMARCO queries into 6 answer types: abbreviation, location, description,
human, numerical and entity. 4105 queries have a valid answer type and at least one relevant passage in the top-1000.
We perform our analysis in two different settings: normal (full-text) and exact-matching (keeping only query words and
replacing non-query words with [MASK]). The average MRR@10 per query type is shown in Table 10. The table shows that
BERTg\pscat is more effective than BERT,; consistently on all types of queries.

1% https://github.com/superscriptjs/qtypes.
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Fig.5 Convergence analy- == MiniLM_BM25CAT == MiniLM_DPRCAT MiniLM_CAT
sis between MiniLM¢,r,

MiniLMgps5cats @and
MiniLMppgcar- The nDCG@10
is reported at each step on the 07
validation set during training
o 06
®
8
2 N
0.5
0.4
0 200000 400000 600000 800000

Steps

5.8.2 Qualitative analysis

We show a qualitative analysis of one particular case in Fig. 4 to analyze more in-depth what the effect of BM25 injec-
tion is and why it works. In the top row, while BERT,; mistakenly ranked the relevant passage at position 104, BM25
ranked that passage at position 3 and BERT;,,,sca;—apparently helped by BM25—ranked that relevant passage at
position 1. In the bottom row, BERT-,; mistakenly ranked the irrelevant passage at position 1 and informed by the
low BM25 score, BERTgy,»sca7 Fanked it much lower, at 69. In order to interpret the importance of the injected BM25
score in the input of CEgy,,5car @nd show its contributions to the matching score in comparison to other words in the
query and passage, we use Integrated Gradient (IG) [98] which has been proven to be a stable and reliable interpre-
tation method in many different applications including Information Retrieval [99-101]."" On both rows of Fig. 4, we
see that the BM25 score ('22'in the top row and‘11’in the bottom row) is a highly attributed term in comparison to
other terms. This shows that injecting the BM25 score assists BERTg,,5ca7 t0 identify relevant or non-relevant pas-
sages better than BERT 7.

As a more general analysis, we randomly sampled 100 queries from MSMARCO-DEV. For each query, we took the
top-1000 passages retrieved by BM25, we fed all pairs of query and their corresponding retrieved passages (100k
pairs) into BERTg),5ca1, and computed the attribution scores over the input at the word-level. We ranked tokens based
on their importance using the absolute value of their attribution score and found the mode of the rank of the BM25
token over all samples is 3. This shows that BERTgy,scar highly attributes the BM25 token for ranking.

5.9 Convergence analysis

To assess the relation between the effectiveness of models and the training time required to reach the optimal
weights, we present Fig. 5, which illustrates the nDCG@10 performance on the validation dataset throughout the
training process. Our observations indicate that although CEppgcar €xhibits slightly superior effectiveness compared
to CEgppscat: it requires a longer convergence time. This observation implies that when dealing with limited training
data resources, choosing CEg),5car Mmay yield a more effective cross-encoder re-ranker in a shorter training time as
opposed to CEq,r and CEppgeat-

1 We refer readers to [98] for a detailed explanation.
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Table 11 Analyzing the

- ] Global maximum in Min-Max Shannon entropy nDCG@10

relationship between entropy

of normalized scores and 10 6.60 0.689

cecthenes o Minliscr 3
30 5.02 0.706
40 4.62 0.707
50 4.30 0.711
60 4.04 0.708
70 3.82 0.707
80 3.63 0.707
920 3.46 0.705
100 3.32 0.704

Bold face indicates best performance

Global minimum in Min-Max normalization is set to 0. The position of score injection is in the middle,
between the query and the candidate document

Fig. 6 Proportions of overlap-
ping documents between -
BERT-Base.,r and BM25
ranking

Bert-Base-CAT @
100
'

500
'

1000
'

BM25 @

Fig. 7 Proportions of overlap-
ping documents between
BERT-Baseg,5car and BM25
ranking

Bert-Base-BM25CAT @
100 10
) \

500
'

1000
'

BM25 @

5.10 Entropy analysis

To delve deeper into the impact of score normalization variations within CEy,55c47 We conducted an in-depth assessment of
MiniLMgy,,s5cat’s effectiveness on TREC DL'19. This assessment involved manipulating the global maximum value in the min-
max normalization process. Specifically, we set the global minimum to zero and incrementally raised the global maximum
from 10 to 100 in steps of 10. We kept the global minimum as 0 and the reason for this choice is is explained previously in
section 3.3. The results, presented in Table 11, reveal an interesting pattern.

As we increase the global maximum value, we observe a reduction in the entropy of the normalized scores, coinciding
with an increase in effectiveness. However, a notable trend emerges: once the global maximum exceeds 50, there is a drop
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in effectiveness. This suggests a potential trade-off between diminishing entropy in the scores and achieving enhanced
effectiveness when injecting BM25 scores into CEgy;55cat-

5.11 How do CEgy,5c4r and BM25 rankings vary?

To interperet the difference between CE. 5 and CEgy,5c41 in more-depth, inspired by Rau et al. [102], we plot the proportions
of overlapping documents between BERT Base.,; and BM25, and BERT Basegy,scar and BM25 in Fig. 6 and 7. Intuitively, each
row indicates to what ratio documents stem from different rank-ranges. E.g., the top row can be read as the documents in rank
1-10 of the CE 57 re-ranking originate 34% from rank 1 to 10, 40% from rank 11 to 100, 20% from rank 101 to 500 and 5.6%
from rank 501 to 1000 in the initial BM25 ranking. In Fig. 7, we observe that that there is more similarity between ranking of
CEgpascar @nd BM25 than CE¢ oy and BM25.This could be a reason for the fact that CEgy,,5cat is @ more powerfull exact matcher.

6 Conclusion and future work

In this paper, we have proposed an efficient and effective way of combining first-stage retrievers and cross-encoder
re-rankers. Prior research has primarily focused on the independent optimization of retrieval stages or simple linear
combinations of scores from different models. Our approach deviates from these traditional methods by introducing a
non-linear and continuous strategy for score integration, by injecting the first-stage retriever score as text in the input of
the cross-encoder re-rankers. We find that the resulting models, CEgp;55car @nd CEppreats achieve a statistically significant
improvement for all evaluated cross-encoders. Furthermore, the generalizability of our approach is demonstrated across
various query types.

Our research builds upon the foundations of previous work that suggested the capability of BERT-based models in
processing numeric data in textual representation. Our work provides a robust empirical example of the application of
this ability of BERT-based models in information retrieval. We also found that injecting the BM25 or DPR relevance score
in a knowledge distillation training setup can lead to statistically significant improvements.

Based on the experiments on injecting two different first-stage retrievers in two different training setups, we conclude
that injecting the first-stage retriever relevance score is an impactful and straightforwardly available signal that leads to
significant improvements in the effectiveness of cross-encoder re-rankers.

In conclusion, this work contributes to the information retrieval community by offering a refined, empirically validated
method for the integration of first-stage retriever scores into cross-encoder re-rankers that might open new avenues for
future research, potentially improving existing paradigms and encouraging a reevaluation of current retrieval practices.
It provides a step forward in the development of more effective multi-stage retrieval systems. Future research, inspired
by our findings, could further explore the implications of our approach in other contexts and for other types of data, e.g.,
score injection for first-stage dense passage retrievers.
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